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Abstract 
Owing to the problem that it is difficult to measure State of Health (SOH) of Li-ion battery online, a 
method to estimate SOH of Li-ion battery using the charge performance under different SOH is put 
forward. By Grey Incidence Analysis (GIA), the correlation degree between the charge performance and 
SOH is measured. Based on Multi-island Genetic Algorithm (MIGA) and Gauss Process Regression 
(GPR), with charge performance as input, SOH is estimates and variance of estimation is also calculated. 
The result shows that the above-mentioned method can evaluate SOH well.    
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1. Introduction 
The evaluation of life of a lithium-ion battery is an important issue for the development and expansion 
of the use of Electric Vehicles (EV) [1]. Capacity, which quantifies the available energy stored in a fully 
charged Li-ion battery cell is a important indicator of SOH [2]. SOH is usually defined 
as 0SOH (C / C )*100%i , where Ci is the ith capacity measured in time and 0C is the initial value [3,4]. For the 
last several decades, many different models have been developed to estimate SOH, such as 
electrochemical model, empirical model and data-driven model [5-7]. Most of the models derive from the 
discharge process, however, the discharge process of EV is unstable and the charge process is stable. 
Therefore, it is of great significance to analyze the charge performance of Li-ion battery under different 
SOH. 
NASA Prognostics Center of Excellence has conducted a lot of experiments of battery cycle life under  
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different conditions and has also done a lot of researches to prognose SOH [8,9]. This paper uses the data 
of No.5 battery from NASA and the material is 2LiCoO .  
Firstly, with GIA, this paper analyzes the correlation between charge performance and SOH. Secondly, 
the hyper-parameters are achieved using MIGA. Thirdly, with charge performance as input and SOH as 
output, mathematical model based on GPR is developed.  
2. Paper structure  
2.1. Grey incidence analysis 
GIA is a branch of the grey system theory. The essence of GIA is to analyze the geometric similarity of 
factor list and data list. GIA provides a new scheme to analyze the series relationships, even if the given 
information is few [10,11]. 
Procedure of GIA is as followings: 
(1) Collect raw data series and determine the comparison sequences iX and reference sequence Y : 
^ `( ) 1,2, ,i iX x k k n                                                                      (1) 
^ `( ) 1,2, ,Y y k k n                                                                      (2) 
where 1,2, ,i m . m is the number of comparison sequences, and n  is the length of comparison 
sequences and reference sequence. 
(2) Calculate the correlation coefficient ( )i k[  of ( )ix k  and ( )y k  
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Where, [0,1]U is the distinguishing coefficient, usually, 0.5U   
(3) Calculate the correlation degree ir between iX and Y : 
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Where, [0,1]ir  , the closer to 1 ir is, the better correlation of iX and Y is. 
2.2. Gauss process regression 
GPR is a type of modeling approach based on Bayesian learning. GPR has been demonstrated to give 
more reliable predictive performance. In addition, the Bayes origin of GPR automatically provides the 
uncertainty of prediction, which is indispensable to robust model-aided optimization [12-14]. 
Given a set of training data ^ `( , ) 1,2, ,iD y i n  ix , a GPR is defined that the regression 
function ( )y x is the noisy realization of a latent variable f , that is:  
2(x ) , (0, )i i i i ny f NH H V                                                             (5) 
where 2
nV  is the variance of the noise. The relationship between x i  and (x )if is a random process, which 
is an Gaussian process model, given in a Gaussian Process prior with zero mean. Then,    
2(0, ( ) )nN Va y Var x I                                                               (6) 
where ( )Var x is an n nu covariance matrix, whose ijth element is defined by a covariance function: 
( , )ij i jVar Var x x . A widely used covariance function is  
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Where fV and O are constants.  
For a new data point with factor *x , the predicted response *y also follows a normal distribution, of 
which the mean *yˆ and variance *ˆ( )var y are 
* * 2 1ˆ ( )[ ( ) ]ny V  Tk x Var x I y                                              (8) 
* * * * 2 1 *(y ) ( , ) ( )[ ( ) ] ( )nVar Var V   Tk kx x x Var x I x                               (9) 
where * * *( ) [var( , ), , var( , )] T1 nk x x x x x . 
The result of GPR is parameterized by  , , Tf nV V O θ , which is termed “hyper-parameters” due to the 
origin Bayesian non-parametric statistics. 
The hyper-parameters can be achieved by maximizing the logarithm of the likelihood function ( )L θ  
defined in Eq.(6): 
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2.3. Multi-island genetic algorithm 
MIGA is developed base on Traditional Genetic Algorithm (TGA). The main feature of MIGA is the 
fact that each population of individuals is divided into several sub-populations called “island”. Some 
individuals are selected from each island and migrated to different islands periodically, employing the 
selection method of roulette. MIGA can avoid the local optimal solution and restrain the premature 
convergence chance [15]. Evolution procedures in MIGA is shown in Figure 1 
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Fig.1 Evolution procedures between two adjacent generations in MIGA 
Where mi: migration interval, k: integer. 
2.4. analysis of the relationship between charge performance and SOH 
The constant current charge rate of No.5 battery is 0.75C and cutoff voltage for constant current charge 
is 4.2V. The charge period from 3.85V to 4.15V is chosen as a symbol of charge performance. Figure 2 is 
variation trend of the time corresponding to cycle number. 
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Fig.2 Tendency of charge period from 3.85V to 4.15V 
The constant current discharge rate of No.5 battery is 1C and cutoff voltage for discharge is 2.7V. And 
capacity is measured after each discharge and SOH is also calculated. Figure 3 is variation trend of SOH 
corresponding to cycle number. 
 
Fig.3 Tendency of SOH 
The charge periods from 3.85V to 4.15V are set as comparison sequence and corresponding SOHs are 
set as reference sequence. When 0.5U  , the correlation degree of GIA is 0.71, which indicates that the 
charge periods are well related to SOHs. 
2.5. Results 
The charge periods from 3.85V to 4.15V are taken as input, SOHs as output, and 60% data is selected 
as training data, 40% data as validation data. With MIGA, ( )L θ is optimized and θ is achieved. Then, 
GPR model is developed and 95% confidence interval is also put forward. Figure 4 is the forecast result of 
validation data.   
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Fig.4 The result of GPR model 
As is shown in the Figure 4, the average value predicted is close to real value, which indicates that with 
charge performance as input, MIGA-GPR model can predict SOH accurately.  
2.6. Conclusions 
This paper finds that certain charge period can be taken as a symbol of charge performance to analyze 
the correlation between charge performance and SOH. The certain charge period can be measured online. 
The result of GIA shows that charge performance is well related to SOH. With charge performance as 
input, MIGA-GPR model can predict SOH well. Besides, this method can realize the online measurement 
of SOH.  
However, for the reason that the constant current charge rate of No.5 battery is 0.75C and the material 
is 2LiCoO , with regard to different charge rates and different materials, the symbol of charge performance 
should be reconsidered. 
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